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Objective: Clinicians often have diﬃculty translating information needs into eﬀective search strategies to ﬁnd appropriate answers.
Information retrieval systems employing an intelligent search agent that generates adaptive search strategies based on human search
expertise could be helpful in meeting clinician information needs. A prerequisite for creating such systems is an information seeking
model that facilitates the representation of human search expertise. The purpose of developing such a model is to provide guidance
to information seeking system development and to shape an empirical research program.
Design: The information seeking process was modeled as a complex problem-solving activity. After considering how similarly com-
plex activities had been modeled in other domains, we determined that modeling context-initiated information seeking across multiple
problem spaces allows the abstraction of search knowledge into functionally consistent layers. The knowledge layers were identiﬁed in
the information science literature and validated through our observations of searches performed by health science librarians.
Results: A hierarchical multi-level model of context-initiated information seeking is proposed. Each level represents (1) a problem
space that is traversed during the online search process, and (2) a distinct layer of knowledge that is required to execute a successful
search. Grand strategy determines what information resources will be searched, for what purpose, and in what order. The strategy level
represents an overall approach for searching a single resource. Tactics are individual moves made to further a strategy. Operations are
mappings of abstract intentions to information resource-speciﬁc concrete input. Assessment is the basis of interaction within the strategic
hierarchy, inﬂuencing the direction of the search.
Conclusion: The described multi-level model provides a framework for future research and the foundation for development of an
automated information retrieval system that uses an intelligent search agent to bridge clinician information needs and human search
expertise.
 2007 Elsevier Inc. All rights reserved.
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Multiple information needs arise in the patient care set-
ting during the normal course of work [1–4]. Gaps in
knowledge can adversely aﬀect the ability of a physician
to make the best care decisions. Unfortunately, these needs
often remain unmet for a variety of reasons, despite the
presence of an ever-growing variety of online resources.1532-0464/$ - see front matter  2007 Elsevier Inc. All rights reserved.
doi:10.1016/j.jbi.2007.09.005
* Corresponding author. Fax: +1 212 342 1647.
E-mail address: peter.hung@dbmi.columbia.edu (P.W. Hung).Some common obstacles that prevent physicians from pur-
suing or ﬁnding answers to their information needs include:
doubt that relevant information exists, lack of time to
initiate a search, uncertainty about where to ﬁnd the infor-
mation, and the absence of relevant topics in the resources
searched [5]. Additionally, the process of searching an
information resource for an answer may be disruptive to
natural work ﬂow. A recent survey of more than three
thousand physicians showed that while the Internet was
perceived as an important source of information, barriers
to Internet information use were also high, with 57% of
physicians reporting signiﬁcant navigation and searching
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and 45% reporting the belief that speciﬁc information to
answer their question was not available [6]. These ﬁndings
underscore a need to develop information retrieval systems
that can help bridge these barriers.
One challenge is that while physicians have expert
knowledge in the domain of patient care, they often do
not possess the expertise necessary to translate their infor-
mation needs into search strategies that produce the
desired answers [7,8]. Beyond the initial barrier of articulat-
ing one’s information need, many physicians do not know
how to choose and search online resources eﬀectively in
order to ﬁnd correct answers to their questions [9,10]. Fur-
thermore, online information resources diﬀer signiﬁcantly
in terms of their features and search interfaces, such that
an eﬀective search strategy for one resource may not work
for another. Because of this, a clinician may rely on a few
‘‘favorite’’ resources while lacking the expertise to eﬀec-
tively search other more appropriate resources for a partic-
ular information need.
On the other hand, health science librarians represent a
wealth of search knowledge within the biomedical domain.
As a result of formal training and practical experience, they
are adept at matching questions to information resources
that are likely to yield appropriate answers. They also rou-
tinely employ systematic techniques for conducting a pro-
ductive search for information, and often know how to
navigate speciﬁc information resources in ways that casual
searchers do not [11,12].
Often overlooked is the fact that the searcher’s choice of
strategies and techniques plays a central role in the eﬀective
retrieval of information, and that ‘‘online information
retrieval is a problem-solving activity of a high order, requir-
ing knowledge and understanding for consistently good
results’’ [13]. Creating a system capable of such problem
solving—one that employs an intelligent agent tomake deci-
sions about how to look for an answer by generating ﬂexible
search strategies based on human expert search knowl-
edge—could be a particularly useful approach to meeting
the information needs of clinicians. Loosely related eﬀorts
in biomedicine have focused on constructing hand-coded,
pre-determined queries for narrow question types and par-
ticular resources (e.g., diagnosis questions in PubMed)
[14–17]. In other domains, researchers have built systems
that incorporate particular algorithmic search strategies
based on those used by reference librarians [18], but little
has been done to explore and develop technologies that
are able to accept a deﬁned information need and autono-
mously generate complex, adaptive search strategies that
will conduct a high precision search to retrieve an appropri-
ate answer, changing course as necessary during the process.
A system that employed an intelligent search agent with such
functionality would undoubtedly be a valuable tool for sat-
isfying speciﬁc information needs that arise within the con-
text of clinicians’ work, particularly if supported by a user
interface that accepts questions and their context in a form
that clinicians are familiar with, i.e., natural language.Before one can feasibly build a system that leverages
human expert search knowledge, the nature, structure,
and process of searching for information, as well as where
and how search experts apply their knowledge, must be
understood. Therefore, it is important to elucidate an
appropriate theoretical model of information seeking that
will guide and facilitate the formal representation of search
expertise. Towards this purpose, the present paper
describes the development of a theoretical model of online
information seeking within the biomedical domain.
Before moving further, we more precisely describe the
target of our modeling eﬀorts. Consider an information
retrieval system that entails the participation of two par-
ties: an information requester (e.g., a clinician) and an
information searcher (e.g., a human librarian or intelligent
agent). The question that we are trying to answer is: given a
well-deﬁned information need that has been both ade-
quately expressed by the requester and understood by the
searcher, what types of search knowledge would the
searcher require in order to solve the problem of retrieving
an appropriate answer that meets the information need?
The focus of the model to be presented is therefore on
the generation and execution of a search strategy in the
context of a single search session and in response to a single
information request (as opposed to a more open-ended
information seeking process involving multiple search ses-
sions over time, as described elsewhere in the literature).
Additionally, our interest lies particularly in the use of elec-
tronic resources and the strategies utilized to identify and
seek information from these resources.
From the outset, we emphasize the limited scope and
pragmatic nature of our model, as it is ultimately meant
to serve as the architectural basis of a strategy-generating
module to be used by an intelligent agent within an auto-
mated search system. As such, the model that we present
does not aspire to be exhaustively descriptive nor explana-
tory of information seeking (e.g., how information needs
emerge, why people conduct a search in the ﬁrst place,
what they do with the answers). The paper does not explic-
itly present a cognitive model of information seeking, but
rather an explanatory vocabulary that can be used to artic-
ulate such a model. The goal of the current model is to
present the dimensions of search knowledge needed to exe-
cute a context-initiated search process.
2. Background
In presenting a nested view of information seeking
behavior, Wilson diﬀerentiates between information behav-
ior and information seeking. Information behavior is
deﬁned as ‘‘those activities a person may engage in when
identifying his or her own needs for information, searching
for such information in any way, and using or transferring
that information.’’ More ﬁnely grained is information seek-
ing, which concerns ‘‘the variety of methods people employ
to discover, and gain access to information resources’’ [19].
The model developed in this paper can best be described as
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variously characterized as embedded [20,21], task-oriented
[22], or in other words, context-initiated, by virtue of the
fact that it occurs within the context of work-related tasks,
and speciﬁcally in our case during the course of patient
care.
Much of the modeling research within the information
science literature has focused on information behavior or
generalized information seeking at a macro level [23–27].
Although these models are usually too broad and lack
the granularity necessary to be used as the architectural
basis for an intelligent search agent, certain constructs
are helpful in focusing our scope. In a model describing
information seeking on the Web that extends work by Ellis
[28], Choo delineates four main modes of online informa-
tion seeking: undirected viewing, conditioned viewing,
informal searching, and formal searching. The reasons
for entering each mode are distinctly diﬀerent. Users with
non-speciﬁc information needs will engage in undirected
viewing (e.g., browsing a general news website) or condi-
tioned viewing (e.g., monitoring a bookmarked industry
website relevant to one’s work for updates). Those with
speciﬁc information needs will utilize informal search
(e.g., submitting a simple, unstructured query to a local
search engine) or formal search (e.g., systematically per-
forming a comprehensive search on a particular topic) to
extract particular information [29]. As pertains to our
model, this inﬂuences the direction of our modeling eﬀorts
towards the representation of searching modes as opposed
to viewing modes, since the end goal is to support informa-
tion seeking strategies for speciﬁc clinician information
needs rather than non-speciﬁc ones.
The information seeking model put forth by Marchio-
nini closely describes a formal online search from a
cognitive perspective, which we found useful to articulate
the general components of such a search at a high level.
The model is meant to provide an overview of the online
information seeking process, rather than a detailed repre-
sentation of the search itself. The information seeking pro-
cess is described as being iterative in nature and composed
of a set of interconnected subprocesses: (1) recognize and
accept an information problem, (2) deﬁne and understand
the problem, (3) choose a search system, (4) formulate a
query, (5) execute search, (6) examine results, (7) extract
information, and (8) reﬂect/iterate/stop. The subprocesses
can be thought of as activity modules that default into a
sequence of serial phases but may also proceed in parallel,
depending on the intermediate results of the search [30].
Marchionini’s model outlines some of the types of
knowledge that are necessary for the information seeking
process. For example, the knowledge that needs to be
applied to choose an appropriate search system is clearly
distinct from the knowledge that one needs to formulate
an eﬀective query. Additionally, Bates has made the dis-
tinction between search strategy and search tactics, the ﬁrst
of which encompasses knowledge about how to conduct a
search at an overall level while the second requires knowl-edge about short-term moves to advance a search [31].
Recent work by Bhavnani and Bates supports the idea that
searching for information indeed utilizes several types of
search knowledge. Using hierarchical goal decomposition,
which is a method to systematically break down goals into
component levels of subgoals, the search task can be
decomposed into intermediate, resource, and keystroke
layers. These layers require knowledge that pertains to
search strategy, resource-speciﬁc search methods, and
motor actions/keystrokes, respectively [32].
The search for information has previously been com-
pared to other complex problem-solving activities. For
instance, Harter likens the online information searcher to
an investigator engaged in scientiﬁc inquiry. Scientiﬁc
experimentation is a trial-and-error process which involves
identifying important variables, formulating hypotheses,
gathering data to test hypotheses using pragmatic methods
and procedures, and evaluating the results in response to a
research question. Similarly, when a librarian performs an
online information search, he or she identiﬁes concepts of
interest, formulates queries that represent ‘‘best guesses’’
of what will yield the desired information, utilizes standard
procedures and methods in the language of the search
system to gather data, and evaluates the results in view of
a particular request for information. As with scientiﬁc
inquiry, online searching is an iterative process that requires
reﬁnement and revision to move closer to the goal [13].
Given the similarities of information seeking to scientiﬁc
inquiry, the theoretical framework put forth by Klahr and
Dunbar to model scientiﬁc discovery is informative. This
framework, which is taken from a cognitive scientiﬁc per-
spective, considers scientiﬁc discovery as a complex prob-
lem-solving task. As deﬁned by Newell and Simon, a
problem consists of an initial state, a goal state, and a set
of operators that can be applied to reach the goal state
through a series of intermediate steps. There are also con-
straints that must be satisﬁed before a given operator can
be applied. The problem space is deﬁned as the set of all
possible states, operators, goals, and constraints (for
instance, the set of all possible moves on a chess board that
a player can make during the course of a game), and the
problem-solving process is the search for a path through
the problem space that connects the initial state to the goal
state [33]. Initial research on simple laboratory studies
described a model consisting of two problem spaces, one
of experiments and one of hypotheses. This was based on
the observation that participants in these studies appeared
to be focused either on the space of possible manipulations
or on the space of possible explanations for experimental
results [34]. In later work, Klahr expanded the framework
to more adequately represent a wider range of problem
solving related to scientiﬁc discovery. This expanded
framework views scientiﬁc discovery as requiring coordina-
tion between several problem spaces (the number varying
with the context), including spaces of hypotheses, experi-
ments, paradigms, data representations, strategies, and
instruments [35].
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We applied the information seeking models of Choo and
Marchionini described in the previous section to focus our
model formulation eﬀorts to the segment of information
seeking most applicable to our particular purpose. Thus,
we limited our model to searching—as opposed to viewing
or browsing—since our goal is to address those questions
arising from clinical care that are fairly well-deﬁned and
thus potentially answerable through online information
sources. In terms of Marchionini’s information seeking
model, it was apparent the clinician would have perceived
a gap in knowledge recognized the nature of the problem
as being answerable through an online information search.
In formulating our model, we also assumed that the clini-
cian’s expressed information need would have been ana-
lyzed, adequately deﬁned, and understood by the searcher.
The formulation of our model was a fundamentally iter-
ative process that, following the generation of an initial set
of ideas, was characterized by cycles of reﬁning these ideas
through the lens of published literature and synthesizing
additional ones at weekly meetings between the authors.
After an initial review of the biomedical, computing, and
information science literature failed to uncover suitable
models of contextualized information seeking for our
goals, we proceeded to explore information search at a
more fundamental level to deepen our understanding of
the nature of the problem. Early discussions directed us
towards the artiﬁcial intelligence literature to explore pos-
sible parallels between problem solving and information
seeking.
Given this approach, it was natural at ﬁrst to conceptu-
ally equate the process of information seeking to the idea of
a formulaic search algorithm. Conception of contextuali-
zed information seeking as a prototypical problem-solving
task initially led us to consider representing information
search within a single problem space, as some have sug-
gested [18]. In such a representation, online information
search is a sequence of individual moves—such as navigat-
ing to an online resource, entering a search term, or refor-
mulating a query—that proceeds through a single problem
space. Search knowledge is encoded directly above the level
of allowable moves (as a set of rules, for example).
However, further exploration identiﬁed the need for a
diﬀerent representation due to the complexity of the task.
The limitation of the single space approach was apparent,
since for any given information need, the number of ways
to proceed with the search and the possible results at each
step are almost unlimited, creating an exceedingly large
problem space. Also unclear was how to adequately repre-
sent the diﬀerent types of search knowledge necessary to
eﬀectively traverse this problem space in order to reach
the goal.
We began examining how complex tasks in other
domains have been modeled for points of applicability.
Klahr’s work on modeling scientiﬁc discovery as a complex
problem-solving task was found to be particularly relevant,given the apparent similarities with information seeking
mentioned earlier. In light of this complexity and the com-
monalities between information seeking and scientiﬁc
inquiry, we determined that modeling online contextuali-
zed information seeking across multiple spaces would facil-
itate the abstraction of search knowledge into functionally
consistent layers, or levels. Besides being compositionally
elegant, such multi-level abstraction is advantageous in
that it reduces the complexity of decisions to be made at
each level while improving transparency by explicitly sepa-
rating the distinct types of knowledge required to solve the
problem [36]. The distinct layers of knowledge were identi-
ﬁed through the information science literature as discussed
previously and validated through our observations of
searches performed by health science librarians.4. Model description
4.1. Overview
We propose a hierarchical multi-level model of contex-
tualized information seeking. Each of the four levels in
the hierarchy—grand strategy, strategy, tactics, and opera-
tions—represents a separate problem space that is tra-
versed during the online search process. The ﬁnal level,
assessment, provides feedback and guides the direction of
the search. Every level represents a distinct layer of search
knowledge that is required to execute a successful search.
The model is an idealized, abstracted representation of
information search strategy generation/execution, rather
than an explanatory model of observed human information
seeking behavior. As a starting point, we assume that the
information to be sought arises from the clinical domain,
and from within a particular context related to patient care.
We also assume that the searcher has ascertained the infor-
mation requester’s information need such that an initial set
of relevant concepts can be used as the basis of the search.
The model describes the online search for information
beginning with the goal of formulating an overall plan to
retrieve an appropriate answer.
In general, problem solving is concerned with achieving
the ultimate goal while also minimizing the resources used.
Solving complex problems often encompasses multiple
hierarchical levels of strategy, with each layer characterized
by a diﬀerent scope. Short-, medium-, and long-range
objectives are represented by diﬀerent strategy layers, and
the goals of a given layer are accomplished by the one
beneath it. Similarly, the overall goal of an information
search is to retrieve information relevant to the requester
in the most eﬃcient manner possible. The relevant goals
and subgoals vary in scope and fall into a natural hierarchi-
cal structure, which we refer to as the strategic hierarchy.
An important characteristic of the strategic hierarchy is
that the problem space at each level is constrained by the
level(s) above it. Additionally, the search knowledge used
to accomplish these goals separates into distinct layers,
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methods of the one beneath it.
Bates borrows military terms to introduce the concept of
search tactics, distinguishing them from search strategies
[31]. Such terms have been used variously in other domains
such as business and game-playing, and are useful to
describe and distinguish various aspects of online informa-
tion seeking as a goal-oriented, problem-solving activity. In
the present model, we expand on this naming scheme and
apply it more widely to information seeking.
We deﬁne an information resource (sometimes referred
to simply as resource) as a source of information that is
available online and accessible to be searched for relevant
information. The forms that such a resource could take
are variable, and include online textbooks, databases,
informational websites, and search engines. Also included
in the deﬁnition of resources are meta-resources, such as
a search engine that queries other search engines, or a
searchable collection of online journals.
The iterative nature of searching for information as
articulated in the model in this paper runs parallel to Nor-
man’s Theory of Action, which generally describes human
action upon the world as being a cycle that involves stages
of execution and evaluation. During execution, an overall
goal is translated into intentions, which in turn are mapped
to executable action sequences. The system state is then
evaluated in view of goals and intentions, thus completing
an action cycle [37]. Similarly, the goal of performing a
search for information in the multi-level model is accom-
plished via choices made within the strategic hierarchy—
abstract ‘‘intentions’’ of increasing granularity—which ulti-
mately map to concrete operations that execute the search.
The assessment layer completes a search cycle by providing
relevance feedback to the searcher in light of current search
goals.
4.2. Grand strategy
In general, grand strategy is the broadest conception of
how to integrate available resources to attain the ultimate
objective. As it applies to our information seeking model,
the grand strategy comprises the highest level plan of the
online search, and sits atop the strategic hierarchy. The
grand strategy determines what resource or resources will
be searched, for what purpose, and in what order. Grand
strategy is not concerned with the operational details of
how to actually search the resources chosen. Appropriate
resource selection depends on the type of question (e.g.,
therapy), the expected answer type (e.g., journal article),
and the context that initiated the question (i.e., why the
question is being asked). It is also inﬂuenced by whether
the objective of the search is to retrieve results of high rel-
evance or high precision. An eﬀective grand strategy accu-
rately maps the characteristics of a given question arising
from a particular context to the information resources
most likely to yield the desired answer. Search experts are
more likely to be able to do this than unskilled searchersbecause there is a substantial diﬀerence in knowledge of
where to go for answers to particular kinds of questions.
Formulating a grand strategy involves more than
resource selection, and should not be equated with simply
selecting a search system as described by Marchionini
and others [27,30]. Rather, grand strategy consists of one
or more phases, with each phase calling for a single
resource (e.g., Harrison’s online), or type of resource
(e.g., online medical textbook) to be searched for a partic-
ular purpose. Note that searching a meta-resource can also
be speciﬁed here. The purpose for searching a resource may
be to answer a simple question in its entirety, or to answer
part of a complex question that contains several concepts,
each requiring a diﬀerent resource. Phases may be executed
in series or in parallel, depending on what is speciﬁed by
the grand strategy. There is no inherent limit on how sim-
ple or complex a grand strategy must be. A common grand
strategy chosen by search novices involves utilizing a single
general search engine, such as Google. Other grand strate-
gies may be much more complex, involving several types of
online resources to corroborate or piece together possible
answers that are retrieved. Grand strategies are partially
the product of experience (e.g., having successfully
addressed an information need using a particular resource)
and partly based on explicit knowledge (e.g., knowing the
scope and limitations of diﬀerent resources).
Should a phase of the grand strategy fail, a decision
must be made about what course to take within the grand
strategy problem space, e.g., to continue with the current
grand strategy by making changes to the phase, or to
choose another valid grand strategy. A grand strategy is
successful when the overall goal of the search has been
accomplished through the retrieval of an appropriate
answer. The overall search goal will not be reached if (1)
all grand strategies relevant to the search fail, or (2) con-
straints on resources (e.g., time) prevent the search from
continuing.
4.3. Strategy
Up until this point in the paper, the term strategy has
been used loosely to refer to any plan relating to informa-
tion seeking, regardless of scope. We now deﬁne strategy to
mean an overall approach for searching a single resource to
answer an information need. This is more constrained and
speciﬁc than Bates’ deﬁnition of search strategy as ‘‘a plan
for the whole search’’ [31].
Narrowing the scope of the term is necessary, because
there is an important distinction between grand strategy
and strategy. The grand strategy level may, and often does,
specify the searching of more than one information
resource, while the strategy level dictates how to proceed
with the searching of a single resource that was speciﬁed
by the grand strategy. More precisely, strategies are always
instantiated within the context of a particular phase of a
grand strategy, and have as their goal the completion of
that associated phase.
Table 1
Example tactics within a resource supporting Boolean search
Limit tactics
Add limit
Remove limit
Broaden existing limit
Narrow existing limit
Query tactics
Join two queries using AND operator
Join two queries using OR operator
Join two queries using NOT operator
Add facet using AND operator
Add facet using NOT operator
Remove facet
Facet tactics
Add term to facet using OR operator
Remove term from facet
Term tactics
Select more general term (broaden term)
Select more speciﬁc term (narrow term)
Increase truncation of a term
Decrease truncation of a term
Replace existing term with synonym
Restrict ﬁeld that term appears in
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resource may be simple or complex. Search experts rou-
tinely employ a variety of systematic strategies, often in
combination with each other [30]. A naı¨ve information
searcher, on the other hand, may utilize a very simple strat-
egy of choosing a few terms, executing the search, and eval-
uating the results with little iteration.
Examples of strategies that are described in the informa-
tion science literature include briefsearch, building blocks,
successive fractions, and citation pearl-growing. ‘‘Brief-
search’’ as described by Harter (also known as ‘‘quick
and dirty’’ or ‘‘easy’’ search) consists of composing a sim-
ple query within the chosen resource using a few terms
linked by a Boolean AND operator and evaluating the
resulting output. There is little to no iteration in this simple
strategy [13]. Popular among search novices, search experts
also use this strategy at times for background or intermedi-
ate information [30]. The ‘‘building blocks’’ strategy
involves breaking the query down into separate concepts,
identifying terms for each concept, searching each concept
separately, and combining the results of each sub-search in
a ﬁnal search [13]. In ‘‘successive fractions,’’ a large initial
set of results is iteratively pared down by successively add-
ing concepts that are speciﬁc to the problem. The ‘‘pearl-
growing’’ strategy takes a speciﬁc document or citation
known to be of high relevance and uses characteristics of
this reference item such as index terms, keywords, citations,
and publication data to retrieve additional results; the pro-
cess is repeated until the ‘‘pearl’’ has reached desired size
[38].
A strategy consists of one or more objectives, which rep-
resent conceptually distinct elements of the strategy, or
intermediate subgoals. The strategy meets its overall goal
of retrieving an answer when all objectives are accom-
plished. These objectives may or may not have an order
in which they must be achieved. The mechanics of how
to execute a strategy within a given resource are not
addressed at the strategy level, but rather left to layers that
are lower in the model hierarchy.
Should an individual objective fail to be achieved, a deci-
sion will need to be made whether to choose another objec-
tive in an attempt to complete the strategy, or to abandon
the strategy for a diﬀerent one. Obviously, if all alternative
objectives have been exhausted, the strategy will fail. In
the event that a strategy has failed, the two options are to
try another valid strategy within the strategy problem space
or to terminate eﬀorts to search the current resource, in
which case the current phase of grand strategy will fail.
A key point to recognize is that the strategy problem
space, and thus choice of strategy, is constrained by the
resource being searched. In other words, the number of
appropriate strategies to search a given resource is substan-
tially smaller than the universe of all strategies. Some
resources will be searchable using certain strategies while
others will not. As an example, PubMed may be amenable
to a search strategy that makes use of a citation’s references
to ﬁnd additional relevant articles, while a typical informa-tional website may not. Choice of strategy is also inﬂu-
enced by the overall search goal—for instance, a high
precision search will likely require a diﬀerent strategy than
a high relevancy search.4.4. Tactics
From a general problem-solving perspective, the term
tactics represents a limited plan of action for using avail-
able means to achieve a speciﬁc limited objective. Tactics
are intended for use in implementing a wider strategy,
and there is little use in performing a tactic without a guid-
ing strategy. A tactic in the context of an information
search can be deﬁned as a localized maneuver made to fur-
ther a strategy. The information science literature describes
numerous tactics available to the searcher depending on
the situation at hand [31,39,40].
For the purposes of this model, tactics can be applied at
the limit, query, facet, and term level. A limit refers to a
restriction that can be imposed on a set of results, such
as limiting the publication year to 2007. A query consists
of one or more search concepts (facets) expressed in the
language of the information resource. Queries can be con-
nected using Boolean AND, OR, or NOT operators. Fac-
ets in a query represent distinct concepts of interest [13],
and are connected to other facets using Boolean AND or
NOT. Each facet is represented by one or more related
terms that are connected by a Boolean OR.
Generally, tactics are employed to increase either the
recall or precision of a search, and/or to increase or
decrease the size of the resulting set. Examples of tactics
that may be available at each level for a typical Boolean
search system are listed in Table 1. Note that this is not
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expanding tactics may be available as well. For instance,
proximity operators may be supported which are more
restrictive than AND, such as NEAR (requiring terms to
be within a set distance of each other) or WITH (requiring
terms to be within the same ﬁeld). Additionally, diﬀerent
resources will support a diﬀerent range of tactics; thus,
not all tactics will apply to all resources. As an example,
a resource that only allows simple keyword searches may
not support the use of certain Boolean or proximity
operators.
At any given point in the search, the tactics problem
space is constrained by the information resource being
searched (as determined by the grand strategy) as well as
the current objective of the chosen strategy. Also important
to note is that the descriptions of tactics are inherently gen-
eric; at this level, we are not concerned about how tactics
are actually implemented within a given resource. This is
left instead for the level of operations, described next.Time Cost
Amount of 
relevance 
information 
learned
hits?
# hits
Scan titles
Scan 
summary or 
abstract
Scan full text
Fig. 1. The amount of relevance information learned is proportional to
the time it costs to perform the assessment. The nature of the relationship
depicted is not necessarily linear.4.5. Operations
In general, an operation refers to ‘‘a process or series of
acts involved in a particular form of work’’ [41]. Thus far in
the current information seeking model, nothing has actu-
ally been entered into the search system to change its state.
To this point, the levels described have been abstract. How-
ever, at the level of operations, which is the lowest level in
the strategic hierarchy, intentions are mapped to speciﬁc,
concrete input (commands, keystrokes, mouse clicks,
etc.). Operations are deﬁned in terms of the mechanisms
available to implement a particular tactic within an infor-
mation resource, and thus are resource-speciﬁc translations
that execute tactical decisions. Depending on the resource,
there may be more than one way to implement a desired
tactic (e.g., either entering a command-line statement or
indicating the action through a point-and-click interface).
While tactics may be general to several systems and are
independent of the actual interface, operations are speciﬁc
to the kind of interaction supported by the system (e.g.,
links vs menu selections). For example, PubMed and Ovid
support somewhat diﬀerent kinds of interaction and this
would necessitate the use of diﬀerent operations.
In some instances, a tactic may translate directly into a
single system command. For example, removing a term
from a particular facet in PubMed can be accomplished
by eliminating the term and the operator that precedes it
(if there is one) from the query string. In other instances,
translating a tactic may require a string of commands or
the combined use of more than one resource-speciﬁc tool.
For example, replacing a search term with a broader one
in PubMed might involve identifying a parent term using
the MeSH browser, then replacing the original term in
the search string. An operation thus consists of one or
more atomic moves that when performed, complete the
intended tactic. The ﬁnal move in any operation is to actu-ally execute the search, whereby results are retrieved and
the search process turns to the assessment task.4.6. Assessment
The assessment level provides the basis of interaction
with the levels of the strategic hierarchy just described.
This level diﬀers from the preceding ones in that it is
distinct from the strategic hierarchy, being involved with
providing relevance feedback that informs the progress
and status of the search to this point. The level of assess-
ment can thus be thought of as part of a control structure
that inﬂuences the direction of the search at all levels of
the hierarchy.
Execution of a search cycle yields a set of results. Eval-
uation of the relevance of these results takes place on the
level of assessment, and can be performed at varying
degrees of detail. The amount of information that each
type of assessment yields about the search results is propor-
tional to the amount of processing time required to com-
plete the assessment (Fig. 1). At one end of the spectrum,
the searcher can assess whether the present search pro-
duced ‘‘hits’’ or not. This type of assessment costs very lit-
tle processing time, but also yields a small amount of
information. At the other end of the spectrum, the searcher
can scan the full text of the retrieved results for relevance,
which has a high time cost but yields much more informa-
tion on relevance.
Choice of which level(s) of relevance to assess at any
given point in the search will be determined by: (1) what
the particular search strategy requires, (2) the stage of the
search, and (3) the amount of time available to commit
to the search. While some search strategies will use simple
measures of relevance to guide the progression of a search,
others will depend on more detailed feedback to provide a
substrate for further search. Additionally, most searches
are highly iterative in nature, such that assessment is inﬂu-
enced by the stage of the search; exploratory stages may
only require the assessment of hits to ‘‘test the waters’’ or
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where the answer is believed to be in the current set of
documents may necessitate the scanning of document sec-
tions. Finally, time constraints will factor into assessment
decisions—a search where time is not a factor will be able
to aﬀord more time-costly assessments than one where
speed is a priority. Particularly in the context of patient
care, speed is of the essence.
From a problem-solving perspective, the assessment
level represents the evaluation of the present state within
the context of the strategic hierarchy, which has the eﬀect
of determining if the last step in the search was successful
in meeting the current limited objective. Assessment of the
retrieved results feeds back through the hierarchy in a
dependent fashion, beginning with the lowest level of
operations. Successful accomplishment of the current goal
at one level (e.g., operations) leads to an evaluation of the
problem state at the level directly above it (e.g., tactics).
On the other hand, failure to meet a goal at the level
being evaluated necessitates the decision to either explore
other states in the current level’s problem space, or to
abandon the space and return to the level above it. At
the highest level, should a grand strategy fail and all other
feasible grand strategies been exhausted, the entire search
will fail.Grand 
Strategy
Strategy
Tactics
OperationsAbstract/
Concrete
Interface
Goal-driven
abstract search 
activities
Moves to 
further the 
strategy
Fig. 2. A multi-level model of contextualized information seeking. Each level fr
the model’s strategic hierarchy. The goals of a given level are accomplished
(operations). Grand strategy, strategy, and tactics are levels that are abstract in
intention onto concrete search actions (shaded plane). Orthogonal to the othe
feedback of search results and serves as a control structure.4.7. Integrated model summary
We now brieﬂy summarize the various parts of the
aforementioned model and explain the general ﬂow of the
search process in relation to those parts (Fig. 2). At the
starting point of our model, the searcher has ascertained
the requester’s contextualized information need and deter-
mined an initial set of relevant concepts to be used as the
basis of the search.
The search proceeds through the multiple levels deﬁned
by the strategic hierarchy. Recall that each strategic level
is a distinct problem space that contains possible choices
at that level. Search begins at the grand strategy level, with
the formulation of a grand strategy that is appropriate for
the type of information need and anticipated answer type.
The rest of the strategic hierarchy is constrained to the par-
ticular resource chosen. After a resource has been selected,
the search progresses to the level of strategy and the searcher
decides upon a strategy to search the resource. Once this is
accomplished, attention turns to the tactics level (further
constrained by the current objective of the chosen strategy)
in order to advance the strategy at this point in the search.
The tactic may be at the limit, query, facet, or term level.
Generally, tactics are employed to increase either the recall
or precision of a search, and/or to increase or decrease theObservable Moves
Information
resources:
- Which one(s)?
- What order?
Searching
within a 
resource
Assessment
Results
Evaluation
om grand strategy to operations represents a distinct problem space within
by the level beneath it, until the lowest level of the hierarchy is reached
nature (white planes), while the operations level represents a mapping of
r levels of the strategic hierarchy, the assessment level provides evaluative
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context of a given resource requires appropriate knowledge
at the operations level in order to utilize one or more tools
available through the resource’s interface.
At this point, the chosen search operation is executed and
a results set is generated. At the assessment level, the
searcher can perform various types of evaluations to ascer-
tain if the goal state has been reached (answer has been
found), and if not, what the next step should be. Among
the possibilities would be to choose another tactic to move
the current search strategy forward, choose a new search
strategy, try a diﬀerent resource, select a diﬀerent grand
strategy, or conclude a failed search (perhaps after a certain
amount of resources has been expended, e.g., time).
5. Example of application of the model
To illustrate the diﬀerent levels of the strategic hierar-
chy, as well as the ﬂow of a search as it unfolds withinFig. 3. Initial stages of librarian search. Note that Objectives 2 and 3 are left
Objective 1. The search continues on with Objective 5 (not shown).the model’s constraints, we use the example of a search
performed by a health sciences librarian on an actual clini-
cian information need arising from patient care. It is
important to note that this exercise is designed as a suﬃ-
ciency test rather than as a comprehensive validation; the
question we address here is whether the model and explan-
atory vocabulary can adequately account for the informa-
tion searcher’s behavior. For this particular search task,
the librarian was given a clinical scenario along with the
following question to answer using Ovid MEDLINE: what
is the cause of GI bleeding related to renal failure in a
patient with diabetes? A think-aloud protocol was
employed and the librarian’s actions were recorded using
Morae (TechSmith Corporation, Okemos, MI), a commer-
cially available usability tool that performs screen captur-
ing, keystroke logging, and video recording. A partial
listing of the search is shown in Figs. 3 and 4, while a com-
plete listing can be found in the accompanying Data
Supplement.unexpanded for space considerations, but unfolded in similar fashion to
Fig. 4. End of librarian search. The ﬁnal stages of the search introduced in Fig. 3 are shown.
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deﬁned by the search task, i.e., to search for the answer
using Ovid MEDLINE. Within Ovid, the searcher chose
a systematic strategy that closely followed a building
blocks approach: separately deﬁning terms for each of
the three facets representing diabetes, GI bleeding, and
renal failure (corresponding to Objectives 1–3, shown in
Fig. 3); combining the facets to yield an initial answer set
(Objective 4), and reformulating as necessary (Objectives
5–9; the last two are shown in Fig. 4). To complete each
objective of the building blocks strategy, certain tactics of
limited scope were employed. Each tactic was mapped to
speciﬁc operations within Ovid, and each operation was
carried out via a series of observable atomic moves. Upon
execution of each search cycle, the librarian performed an
assessment of the results generated. This assessment ranged
from noting the presence of hits to evaluating the number
of hits to scanning the titles of the results set, depending
on the current stage of the search. From here, the search
continued on to the next objective (in the case of success-
fully completing the current objective) or a new objective
was formulated (in the case of failing to complete an objec-
tive). Feedback from the assessment level promptedadaptive decisions at the strategic objective level. Contin-
uing with the initial strategy eventually yielded an appro-
priate answer set.
We now proceed to step through the search in more
detail. As shown in Fig. 3, the grand strategy was to search
Ovid for the answer. Within this resource, the searcher then
elected to approach the search using a building blocks
strategy (previously described). The ﬁrst objective of this
strategy was to deﬁne the diabetes facet. To accomplish this
objective, the tactic of adding broad, structured terms to
deﬁne the facet was employed. By structured terms, it is
meant terms that exist as controlled indexing items within
the resource (in contrast to free text or keywords, which
would have constituted a diﬀerent tactic). Operationally,
performing this tactic in Ovid involved making moves to
enter ‘‘diabetes’’ into the main search box, which yielded
a list of possible structured MeSH terms for selection;
checking ‘‘Diabetes Mellitus’’ as the structured term of
interest; selecting the ‘‘Explode’’ and ‘‘All Subheadings’’
options to broaden the terms used; and executing the
search. A large results set of 181,558 hits was retrieved.
Assessment of the search results appeared to simply consist
of noting the presence of hits, as the librarian did not pause
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deﬁning the next facet. An identical process was followed
for deﬁning facets for gastrointestinal bleeding (Objective
2) and renal failure (Objective 3).
With the three major facets deﬁned, Objective 4 was to
combine all facets together in order to formulate an initial
answer set. The tactic to accomplish this objective involved
combining all three facets with Boolean AND. This
mapped to entering ‘‘#1 AND #2 AND #3’’ on the oper-
ations level. The retrieved result (Result 4), consisting of 14
hits, led to an assessment that involved scanning the titles
of the retrieved citations. No relevant articles were found
based on their titles (Assessment 4), which necessitated
the formulation of diﬀerent objectives to increase
relevance.
The objectives chosen to continue the search were still
consistent with the overall building blocks strategy—objec-
tives consisted of either redeﬁning individual facets, or
intersecting facets in various combinations. Next, the
librarian tried combining only the gastrointestinal bleeding
and renal failure facets (Objective 5) using similar tactics
and operations as in the previous objective, which yielded
384 hits (Result 5). The number of hits returned was
assessed to be large enough to continue to Objective 6,
redeﬁning the diabetes facet to represent the concept of
‘‘Diabetes Complications’’ as opposed to ‘‘Diabetes Melli-
tus.’’ Tactics, operations, and assessment were similar to
those used to complete Objective 1, except that ‘‘Diabetes
Complications’’ was selected as the MeSH Subject Heading
of interest. For Objective 7, the new diabetes complications
facet was combined with the other two facets (Result 5),
yielding 6 hits. Assessment involved scanning the titles of
citations, which were again found to not be relevant to
the answer being sought. The decision was made to redeﬁne
the diabetes facet again (Fig. 4, Objective 8), keeping the
same structured term but using the tactic of narrowing its
reach by restricting it to the main focus of the article. Oper-
ationally, this was accomplished through a series of moves
that included selecting the ‘‘Focus’’ option after choosing
‘‘Diabetes Complications’’ from the MeSH Subject Head-
ings list. Objective 9 was to combine this newly redeﬁned
facet with the facet of gastrointestinal bleeding. This was
performed in the manner previously described, yielding
10 hits, the titles of which were scanned and judged to be
appropriate (Assessment 9). The librarian concluded the
search at that point, having successfully met the goal of
answering the question.
As this example has shown, the model’s explanatory
vocabulary is suﬃcient to categorize and describe the
searcher’s behavior within a single search session such that
key types of search knowledge are capable of being distin-
guished. In addition, certain aspects of the model only
implicitly demonstrated by the validation deserve com-
ment. Although the grand strategy in the example was to
search Ovid for the answer, it should be noted that a num-
ber of other possible grand strategies could have yielded
the desired information, be it using a diﬀerent referencedatabase, an online textbook, a generic search engine, or
a combination of these, to name a few. Within the model,
these diﬀerent options would be represented as possibilities
within the grand strategy problem space. Furthermore, the
grand strategy for this search was simple, consisting of a
single phase. An example of a more complex grand strategy
involving multiple phases could have been to search diﬀer-
ent sources (perhaps textbooks in endocrinology, gastroen-
terology, and nephrology) to identify and corroborate the
answer.
A key feature of the model is that the choices at each
level are constrained by the level(s) above it in the strategic
hierarchy. For instance, less sophisticated resources such as
some online textbooks may not have supported the build-
ing blocks strategy that was pursued; this would have
added a constraint such that a diﬀerent initial strategy
would need to be chosen. Similarly, the fact that the types
of tactics observed in the example were relatively few is not
surprising given that according to our model, tactics are
also constrained by each of the higher levels of the
hierarchy.
Also of note is that sometimes there was more than one
operational possibility that the librarian could have chosen
to execute a particular tactic. For example, combining
results set could have been accomplished by entering the
results set of interest separated by the AND connector
(e.g., ‘‘#2 AND #3’’), or by performing a series of mouse
clicks through Ovid’s ‘‘Combine Searches’’ tool. In this
example, the result would have been the same regardless
of which operation was chosen. In other instances, if the
various operational possibilities have diﬀerent mechanisms
of action and/or precision, the outcome may not be
identical.
Feedback from the assessment level in this particular
search prompted adaptive decisions exclusively at the level
of strategy such that over the course of the search several
strategic objectives were reformulated. In this search, the
tactics employed either successfully completed the higher
strategic objective or the results led to the formulation of
an entirely diﬀerent objective, i.e., backtracking at the level
of strategy. However, a diﬀerent search may well have led
to movement at other levels in the model hierarchy. One
can imagine that sometimes it could be necessary to try a
second tactic to move the current objective forward
because the ﬁrst tactic did not yield an appropriate result,
i.e., backtracking at the level of tactics. Also, should the
search have continued to produce unsatisfactory results,
the assessment process could have led at some point to
the decision of abandoning the building blocks strategy
for another strategy, or perhaps of trying an entirely diﬀer-
ent grand strategy.
6. Discussion
The multi-level model of context-initiated information
seeking described in this paper serves as an idealized repre-
sentation of search strategy from a problem-solving per-
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conceptual separation of diﬀerent types of search knowl-
edge. For example, the knowledge that permits the formu-
lation of grand strategy is inherently diﬀerent from that
which provides the basis for tactical decisions. Our model
provides a framework that distinguishes between these dis-
tinct levels of knowledge, and also deﬁnes the relationships
between them. We anticipate that the model will lend struc-
ture to future cognitive studies of information seeking that
as a result may yield richer characterizations of the search
process. Through repeated observation, one can imagine
developing a knowledge base consisting of usable grand
strategies, strategies, tactics, operations, and assessments.
The model may inform how context-initiated informa-
tion searches are evaluated in the future. Comparisons
between clinician searchers and librarian searchers, for
instance, can be described in terms of distinctions present
at any of the particular levels described by the model. By
the same token, the model should prove useful in helping
to meaningfully characterize diﬀerences between searches
that fail and those that are successful. It may also be possible
to pinpoint and describe where the ineﬃciencies are within a
particular search, which in turn may lead to an improved
understanding of what constitutes an ‘‘ideal’’ search.
Previous research has shown that goals and subgoals
often shift during the information seeking process as a
search evolves and progresses [42]. Our model may provide
a useful way to study and understand such shifts. An inter-
esting question is whether the process of shifting between
various levels of the model hierarchy in response to feed-
back is inﬂuenced by an attempt to minimize computa-
tional or cognitive costs. For example, one might
consider the possibility that as the searcher progresses fur-
ther down the model hierarchy, the cost of changing direc-
tion at a higher level increases due to the resources invested
to that point. If we accept this for the sake of discussion,
reformulating a grand strategy to answer a particular
question would be more expensive than executing another
low-level operation. Assuming that a searcher has adequate
knowledge of the possibilities at each level, it would seem
reasonable that decision-making regarding what to do next
during a search might proceed from the bottom of the hier-
archy upward in an attempt to minimize the amount of
additional resource expenditure at any given point. Thus,
searchers may be more likely to consider making changes
to available operations before tactics, tactics before strat-
egy, and so on. Of course, search experts have superior
knowledge at multiple levels compared to novices [43];
thus, novices will be forced to move up the strategic hierar-
chy more quickly than a search expert in order to further a
search, resulting in more abandoned searches at the level of
strategy and grand strategy. Empirical research is needed
to ascertain the validity of these hypotheses.
The model is designed as an explanatory device for
information seeking. It is articulated in top-down fashion
from the grand strategy level down to the operations level.
We do not presuppose that humans conduct searches in astrictly top-down fashion, as much of search emerges in
the context of interaction. For example, it is unlikely that
a searcher begins the process with a fully mapped out strat-
egy that accounts for every contingency. Nor do we intend
to suggest that all of the knowledge is in the head of the
searcher. External representations (e.g., displays, lists of
search terms) and aﬀordances (e.g., selection choices, dia-
logue boxes, and speciﬁc tools) play an important role in
guiding the search process.
Additionally, our model should not be taken as an
attempt at representing the entire information seeking pro-
cess. Rather, the focus of our modeling eﬀorts was to eluci-
date the types of knowledge necessary to build and execute a
search strategy in response to a speciﬁc information need
initiating from a patient care context within the clinical
domain. We did not, for instance, try to model the informa-
tion need itself. One of the model’s assumptions is that the
information need is in fact unambiguous and well-articu-
lated, having emerged from within the context of a
particular patient care task. In cases when this assumption
cannot be met and the information need perhaps requires
clariﬁcation to resolve ambiguity, an additional explanatory
mechanism that reﬂects such a state may need to be invoked.
Also, while the model is predicated on the assumption that
the context from which an information need arises plays
an important role in determining the appropriate direction
of a search (reﬂected in the choice of grand strategy, for
example), context is not explicitly modeled at this point.
Future work to extend the current model’s explanatory
power could include formal representations of the informa-
tion need as well as its context, while elaborating on their
relationships to existing model constructs.
A main objective for developing our model of informa-
tion seeking was to provide a theoretical construct that
could serve as the pragmatic basis for the design of an
automated information retrieval system that employs an
intelligent search agent to ﬁnd information in the clinical
domain. In general terms, such a system might be expected
to: (1) accept some sort of clinician query as input, (2) ana-
lyze the query in preparation for the search, (3) perform
the search itself, (4) package the results of the search,
and (5) deliver the packaged answer to the clinician. The
present model speciﬁcally expands on the third step. Table
2 shows representative functionality enabled by various
aspects of the model for the system designer’s consider-
ation. Note that the model is adaptable to the particular
needs of the system, such that certain elements of the
model can be removed if the associated functionality will
not be needed. For example, if the envisioned system will
be used to autonomously generate a search strategy within
a particular resource (as opposed to across multiple ones),
then the grand strategy layer can be removed. Similarly, if
the system is meant to suggest and execute appropriate tac-
tics from within a resource while assuming the framework
of user-driven strategy and assessment, then the relevant
levels to focus on would be limited to tactics and
operations.
Table 2
Knowledge layers and associated examples of intelligent search agent functionality supported by the model
Model level Knowledge represented Illustrative intelligent search agent functionality
Grand strategy Information resources that can be accessed to meet a
particular information need
Choose appropriate information resources that will most likely answer
the information requester’s question
Example: risk factors of thromboembolism in atrial ﬁbrillationﬁ select
UpToDate
Search approaches for handling complex information
needs requiring multiple information resources
Provide an overarching plan of what resources to search, in what order,
and for what purpose in response to the question being asked
Example: What oral antifungal agents for the treatment of onychomycosis
do not interact with benzodiazepines?
Phase 1: treatment of onychomycosisﬁ select Harrison’s
Phase 2: benzodiazepine interactions with Phase 1 resultsﬁ select
Micromedex
Strategy Strategies for how to systematically (and often
iteratively) search a resource to meet an information
need
Choose and carry out diﬀerent strategies for searching a particular
resource depending on the goal of the search (e.g., high precision, high
recall) and the selected resource
Example: high precision search in PubMedﬁ citation pearl-growing
strategy
Tactics Localized search maneuvers to meet current strategic
objectives, by either increasing recall or precision at
the level of search terms, facets, or queries
Select and execute appropriate, ﬁnely grained search actions to improve
the current search
Example: current results set too largeﬁ restrict existing search terms to
title
Operations Resource-speciﬁc methods/tools that actualize
supported search tactics
Choose or suggest resource-speciﬁc interface(s) that can be utilized by the
user/agent to execute the desired tactic
Example: add more speciﬁc indexed terms to current facet in Ovidﬁ Use
Explode function in MeSH tree tool
Assessment Evaluation of results at each cycle in the search
process
Decide how to evaluate current search results in the manner most appro-
priate to the progress and stage of the search
Example: initial stage of building blocks search strategyﬁ assess presence/
absence of search hits
What to try next in the case of local failure to meet
success criteria based on results evaluation
Decide how to backtrack/adjust search, i.e., whether to pursue a new
operation, tactic, strategy, or grand strategy when evaluation of search
results indicates failure to ﬁnd relevant results
Example: tactic to increase speciﬁcity of search terms fails to produce rel-
evant hits ﬁ try tactic to add synonyms
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with a framework to separate the system’s search features
in terms of discrete search knowledge constructs. Such sep-
aration facilitates the development of appropriate architec-
tural components to support the search knowledge needed
in the system. Instead of having a single search module, the
designer may alternatively implement separate modules
corresponding to grand strategy, strategy, tactics, etc. A
potential beneﬁt of modularizing the architecture around
the model’s knowledge layers is that the developed compo-
nents will likely be easier to maintain, reuse, and inter-
change with other components.
Within the ﬁeld of software engineering, recurring solu-
tions that have been identiﬁed and described for use in
solving common software design problems are known as
design patterns [44]. In a similar way, one can think of
our model as providing something akin to intelligent search
agent ‘‘design patterns’’ that assist in elucidating the
important architectural components which support the
implementation of systems intending to use such agents.
Now that we have successfully laid the relevant theoretical
groundwork, our next steps in the development of a system
architecture based on the model will involve the formaliza-tion of computable data structures and methods at each
level. We anticipate that the system architecture, when
complete, will involve several modules patterned along
the levels of the model’s strategic hierarchy, and will
include a control module to drive the direction of an ongo-
ing search based on our modeling of assessment tasks.
7. Conclusion
We have described a multi-level model of context-initi-
ated information seeking that provides the basis for lever-
aging the knowledge of human search experts. This work
is signiﬁcant with respect to future research, in that it (1)
facilitates the development of intelligent search agents
capable of generating adaptive strategies to search for
information, (2) informs the creation of search interfaces
that support more satisfying user experiences, and (3) deep-
ens a program of empirical cognitive research in informa-
tion seeking. The ultimate objective of our research is to
increase the percentage of clinician information needs that
are satisfactorily addressed. By developing a system that
bridges the gap between clinician information needs and
the search expertise of healthcare librarians, we aim to
370 P.W. Hung et al. / Journal of Biomedical Informatics 41 (2008) 357–370bring providers closer to the knowledge that can satisfy
their information needs at the point of care.
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